Understanding the long-term performance of global satellite leaf area index (LAI) products is important for global change research. However, few effort has been devoted to evaluating the long-term time-series consistencies of LAI products. This study compared four long-term LAI products (GLASS, GLOBMAP, LAI3g, and TCDR) in terms of trends, interannual variabilities, and uncertainty variations from 1982 through 2011. This study also used four ancillary LAI products (GEOV1, MERIS, MODIS C5, and MODIS C6) from 2003 through 2011 to help clarify the performances of the four long-term LAI products. In general, there were marked discrepancies between the four long-term LAI products. During the pre-MODIS period (1982)(1983)(1984)(1985)(1986)(1987)(1988)(1989)(1990)(1991)(1992)(1993)(1994)(1995)(1996)(1997)(1998)(1999), both linear trends and interannual variabilities of global mean LAI followed the order GLASS>LAI3g>TCDR>GLOBMAP. The GLASS linear trend and interannual variability were almost 4.5 times those of GLOBMAP. During the overlap period (2003)(2004)(2005)(2006)(2007)(2008)(2009)(2010)(2011), GLASS and GLOBMAP exhibited a decreasing trend, TCDR no trend, and LAI3g an increasing trend. GEOV1, MERIS, and MODIS C6 also exhibited an increasing trend, but to a much smaller extent than that from LAI3g. During both periods, the R 2 of detrended anomalies between the four long-term LAI products was smaller than 0.4 for most regions. Interannual variabilities of the four longterm LAI products were considerably different over the two periods, and the differences followed the order GLASS>LAI3g>TCDR>GLOBMAP. Uncertainty variations quantified by a collocation error model followed the same order. Our results indicate that the four long-term LAI products were neither intraconsistent over time nor interconsistent with each other. These inconsistencies may be due to NOAA satellite orbit changes and MODIS sensor degradation. Caution should be used in the interpretation of global changes derived from the four long-term LAI products.
1995). Recently, several long-term (≥30 years) global LAI products have been produced (Claverie, Matthews, Vermote, & Justice, 2016; Liu, Liu, & Chen, 2012; Xiao et al., 2016; . These long-term products are of great importance in understanding the responses and feedback of land surface ecosystems to climate changes, elevated CO 2 concentrations, and anthropogenic activities (Mao et al., 2016; Piao et al., 2015; Zhu et al., 2016) .
Appropriate use of global satellite LAI products requires comprehensive evaluation studies. To address this issue, the Committee on Earth Observation Satellites (CEOS) Land Product Validation (LPV) subgroup proposed a four-stage validation hierarchy (Morisette et al., 2006) . Under this framework, both theoretical and physical uncertainties of global satellite LAI products have been investigated (Fang, Wei, Jiang, Scipal, 2012; Fang, Wei, Liang, 2012 ) against a target accuracy requirements of AE20% proposed by GCOS (GCOS, 2011) . However, most existing evaluation studies focused on fineresolution (≤1 km) and short-term (e.g., since the 2000s) LAI products, in terms of absolute magnitude (Garrigues et al., 2008) , spatial pattern (Fang et al., 2013) , and seasonal trajectory (Verger, Filella, Baret, & Peñuelas, 2016) . In comparison, less effort has been devoted from a long-term perspective (i.e., since the 1980s).
Long-term global satellite LAI products are derived from advanced very high-resolution radiometer (AVHRR) datasets on board of the national oceanic and atmospheric administration (NOAA) satellite series, which are prone to larger uncertainties than short-term datasets (Guay et al., 2014; Tian et al., 2015) . Sources of uncertainty in AVHRR time-series data mainly involve sensor degradation, lack of onboard calibration, drift of satellite orbits, and changes in platforms and sensors (Pinzon & Tucker, 2014; Tucker et al., 2005) . These data source uncertainties are likely to propagate to LAI products, along with additional uncertainties caused by algorithms. Platform-related uncertainties may vary gradually or abruptly and, therefore, the performances of LAI products and other downstream products, such as gross primary productivity (GPP), may also vary over time. To meet the needs of global climate studies, GCOS has proposed guidelines requiring a stability of AE10% for LAI products (GCOS, 2011) . Therefore, evaluating global satellite LAI products from a long-term perspective is of great importance to ensure their correct application in global change research.
Trends and interannual variabilities in terrestrial ecosystems are two overarching issues that long-term LAI products should address.
Many studies have reported a greening earth related to global warming and elevated CO 2 concentration (Fensholt & Proud, 2012; Myneni, Keeling, Tucker, Asrar, Nemani, 1997; Myneni, Nemani, Running, 1997) and oscillations caused by El Niño and other extreme events (de Jong, Verbesselt, Schaepman, & de Bruin, 2012; Myneni, Tucker, Asrar, & Keeling, 1998) , based on analyses of long-term normalized difference vegetation index (NDVI) products.
LAI has an advantage over NDVI due to its explicit ecological meaning, so that global long-term satellite LAI products have been considered as references to interpret LAI time series simulated by land surface models (Lucht et al., 2002; Mao et al., 2013; Friedlingstein, Ciais, Zhou, & Chen, 2006) . However, the degrees of trends and interannual variabilities are uncertain because the agreements and discrepancies between different long-term LAI products remain unclear.
This study was performed to undertake a detailed evaluation on the consistencies of four long-term global satellite LAI products (Table 1) : Global Land Surface Satellite (GLASS) (Xiao et al., 2016) ; GLOBMAP (Liu et al., 2012) ; LAI3g ; and terrestrial climate data record (TCDR) (Claverie et al., 2016) . Aiming at this goal, we examined their trends, interannual variabilities, and uncertainty variations. We also compared the four long-term LAI products with other widely used but short-term products: GEOV1 ; MERIS (Tum et al., 2016) ; MODIS Collection 5 (C5) (Shabanov et al., 2005) ; and MODIS Collection 6 (C6) (Yan et al., 2016) . Consequently, three time periods were investigated separately: 30-year long-term period (1982 ( ), pre-MODIS period (1982 ( -1999 , and overlap period (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (Pedelty et al., 2007) , and 1 km resolution Terra/MODIS surface reflectance datasets (MOD09) since 2001 (Xiao et al., 2016) . The algorithm fuses Terra/MODIS LAI (MOD15) with clump-corrected CYCLOPES LAI, and establishes relationships between the fused LAI dataset and NOAA/AVHRR or Terra/MODIS surface reflectance over Benchmark Land Multisite Analysis and Intercomparison of Products (BELMANIP) sites using biome-specific general regression neural networks (Xiao et al., 2016) .
Yearly reflectance-LAI pairs are used to train the neural networks and estimate LAI time series (Xiao et al., 2014) .
| GLOBMAP LAI product
GLOBMAP product (version 01), acquired from http://www.globalma pping.org/, is generated in 1/13.75°spatial resolution, using biweekly NDVI provided by the global inventory modeling and mapping studies (GIMMS) before March 2000 (Tucker et al., 2005) , and 
| LAI3g LAI product
LAI3g product (version 01), acquired from http://sites.bu.edu/clive g/datacodes/, is generated biweekly in 1/12°spatial resolution . The input data are the third-generation NDVI (NDVI3g) provided by GIMMS. The algorithm is based on feed-forward neural networks connecting the MODIS LAI Beijing Normal University (BNU) version (Yuan, Dai, Xiao, Ji, & Shangguan, 2011) to NDVI3g. This calibration procedure is conducted on multiyear average monthly LAI and NDVI data, so that 12 neural networks are involved, one for each month. The calibrated neural networks are further used to retrieve AVHRR LAI from NDVI3g.
| TCDR product
AVHRR TCDR product (version 04), acquired from ftp://eclipse.ncdc.
noaa.gov/, is provided every day in 0.05°spatial resolution (Claverie et al., 2016) . The product is mainly derived from a surface reflectance dataset obtained by NOAA/AVHRR sensors, which has been geolocated, calibrated, cloud and snow removed, and corrected for atmospheric and bidirectional reflectance distribution function (BRDF) effects (Vermote, Justice, & Br eon, 2009 ). The algorithm is based on an artificial neural network connecting Terra + Aqua combined MODIS LAI (MCD15) to AVHRR TCDR reflectance separately for five biomes (Claverie et al., 2016) . The calibration procedure is conducted using data over BELMANIP2 sites, and the calibrated neural network is further used to retrieve AVHRR LAI from TCDR reflectance.
2.2 | Ancillary LAI products from 1999-2015 2.2.1 | GEOV1 LAI product GEOV1 LAI product (version 1.3), acquired from http://land.copernic us.eu/, is generated every 10 days in 1/112°spatial resolution.
MODIS and CYCLOPES LAI products are fused to generate the "best estimates" of LAI using a linear formula 
| MERIS LAI product
MERIS LAI product, acquired from https://centaurus.caf.dlr.de:8443/, is generated every 10 days in 1/360°spatial resolution (Tum et al., 2016 ). The algorithm is based on the training of a neural network over a database of simulated top-of-atmosphere radiances, using a coupled leaf-canopy-atmosphere radiative transfer model (Bacour, Baret, B eal, Weiss, & Pavageau, 2006) . The trained neural network is used to estimate LAI from ENVISAT/MERIS L1B observations at 15 spectral bands. A harmonic analysis is further incorporated into the algorithm to fill data gaps caused by irregular sampling strategy of MERIS fullresolution (FR) data.
| MODIS C5 and C6 LAI products
MODIS LAI products, acquired from ftp://ladsweb.nascom.nasa.gov, are generated every 8 days in 1 km and 500 m spatial resolution, for MOD15A2 C5 and MOD15A2H C6, respectively. The main algorithm employs biome-specific look-up tables (LUTs) simulated from a 3D radiative transfer model to search for LAI values for a specific set of sun-object-sensor geometries, and observed red and nearinfrared reflectances from Terra/MODIS C5 and C6 reflectance, respectively (Huang et al., 2008; Knyazikhin, Martonchik, Myneni, Diner, & Running, 1998; Yan et al., 2016) . When the main algorithm fails, a backup algorithm based on the LAI-NDVI relationships derived from model simulations is used for LAI estimation (Myneni, Keeling, et al., 1997; 
| Time-series analysis
We used an ensemble empirical mode decomposition (EEMD) method along with the classical linear model method to detect LAI trend. The EEMD method decomposes time series into a group of oscillatory components at different frequency levels without any predetermined basis functions (Huang et al., 1998) , and EEMD is its enhanced version overcoming the scale mixing problem (Wang, 2009 ). The number of components usually varies from three to eight, depending on the length of the time series (Huang et al., 2003) , In this study, we decomposed the long-term and ancillary LAI products into four and three components, respectively. Summing different components generates adaptive trends at different temporal scales (Ji, Wu, Huang, & Chassignet, 2014) . We summed the last two components to account for decadal-scale trends according to Wu, Huang, Long, and Peng (2007) . Annual anomalies were obtained by subtracting adaptive trends from the original time series, and the standard deviation of each detrended anomaly was calculated as a quantitative metric of the interannual variability. Linear trends and interannual variabilities were also calculated pixel by pixel to generate spatial patterns.
We used a collocation error model to quantify uncertainty time series of LAI products. The triple collocation error model (TCEM) is the primary implementation of the collocation model, which obtains analytical solutions of random errors of three spatially and temporally collocated remote sensing products with no need for a "true" observation (Gruber et al., 2016; Stoffelen, 1998) . We extended the original TCEM to a general collocation error model (GCEM) so that more than three collocated datasets can be involved. For m collocated datasets, x i (i = 1, 2,. . ., m), the covariance between each pair of datasets, including intrapair cases, is given by (McColl et al., 2014) :
where e i is the random error of x i , h i is a parameter related to system error of x i and the variation of hypothetical truth, and Cov(e i ,e j ) = 0 when i 6 ¼ j according to the independent error assumption (McColl et al., 2014) . A total of m(m + 1)/2 equations can be obtained, along with 2m unknown parameters, i.e., h i and r i (i = 1, 2,. . ., m), where r i 2 = Cov(e i ,e i ) and r i is taken as uncertainty. When m ≥ 3 GCEM is a well-constrained and solvable system, and a numerical solution can be achieved using the least squares technique (Pan et al., 2015) . In this study, pixels over one land cover type in a continent constituted sampling of x i and yielded one regional uncertainty estimate. The land cover type was derived from the global land cover product for the year 2000 (GLC2000) (Bartholom e & Belward, 2005; Giri, Zhu, & Reed, 2005) (Fig. S3) . Regions with less than 60 pixels were masked to avoid numerical problems caused by inadequate sampling of x i (Fang, Wei, Jiang, et al. 2012; Fang, Wei, Liang, 2012) . Global LAI uncertainty was calculated yearly as the sum of regional uncertainties, weighted by the area of each region. We used a 29standard deviation of each uncertainty time series, corresponding to 95% range of variations assuming an approximately normal distribution, as the quantitative metric of the temporal uncertainty variation. Relative uncertainty and relative uncertainty variation were also calculated, using LAI value as a normalization factor according to GCOS (2011).
3 | RESULTS (Figure 1 and Table 2 ). However, the trend values from the four long-term LAI products all fell far out of this range. It is also noted that MODIS C5 had a small decreasing trend (p > .05), whereas MODIS C6 had an increasing trend (p < .05).
| Linear trends
Spatial patterns of linear trends of the four long-term LAI product showed some similarities during 1982-1999 (Figure 2a-d) .
GLASS, LAI3g, and TCDR revealed a greening earth as around 45%
of vegetated land surface area showed an increasing trend, especially in the northern high latitudes. GLOBMAP also showed an increasing trend over those areas. However, it is notable that agreements among these products were limited in trend signs. GLASS exhibited the largest trend values, followed by LAI3g and TCDR, while GLOB- Diverse patterns of global mean LAI anomalies were observed after removing the adaptive trends ( Figure 3b and Table 2 Hotspots were usually observed in tropical forests, Eastern South America, Central Eurasia, Eastern Siberia, and Eastern Australia.
These regions were also highlighted in three ancillary LAI products, GEOV1, MODIS C5, and MODIS C6. Figure 5 showed the global uncertainties and relative uncertainties for the four long-term LAI products and three ancillary LAI products.
| Uncertainties and changes in uncertainty
MODIS C5 was excluded because its error was likely to be highly correlated with MODIS C6, violating the assumption of the collocation model. All seven datasets were characterized by an uncertainty <0.3 on an annual scale. During 1982-2011, the mean global relative uncertainties followed the order LAI3g (8.5%)<GLASS (11.7%)<TCDR (13.0%)<GLOBMAP (19.6%) ( Table 2 ). These statistics were comparable to the ancillary LAI products, with the order GEOV1 (6.4%) 1982-2011 1982-1999 2003-2011 1982-2011 1982-1999 2003-2011 1982-2011 1982-1999 2003-2011 1982-2011 This study revealed the intrainconsistency of the four long-term LAI products from two aspects: changes in interannual variability between two periods (1982-1999 and 2003-2011) and uncertainty variation over the 30-year period .
Remarkably different annual anomaly oscillations were observed before and after 2001 (Figure 3b ). Such pronounced differences were not observed from other long-term datasets related to LAI, such as solar radiation (Sanchez-Lorenzo et al., 2015) , temperature and precipitation (Yan et al., 2013) , and CO 2 growth and carbon sink (Keenan et al., 2016) . With the assumption that interannual variability was constant over the 30 years, we could use the ratio of interannual variability during [1982] [1983] [1984] [1985] [1986] [1987] [1988] [1989] [1990] [1991] [1992] [1993] [1994] [1995] [1996] [1997] [1998] [1999] Table 2 showed that for all four long-term LAI products, the mean relative uncertainties were smaller than the 20% target accuracy and the relative uncertainty variations were smaller than the 10% target stability proposed by GCOS (GCOS, 2011). However, we were unable to deduce they satisfied the requirements for accuracy or stability because the definitions in GCOS resemble both systematic error and random error, while uncertainty estimated from collocation error model approximates the latter (Fang, Wei, Jiang, et al. 2012; Fang, Wei, Liang, 2012) . Instead, considering the unreasonably large oscillations before 2001 (Figure 3b) , we might infer substantial relative uncertainty variations, i.e., instability, of systematic error component which were not captured by those of random error used in this study. We also noted that even relative uncertainty variation in random errors was highly correlated with the intrainconsistency index (Figure 8a intraconsistency. This might be related to its special LAI retrieval algorithm, which divides the input into 10 bins, with SR-LAI relationship built within each bin. Such discretization strategy had been shown to be effective for improving the quality of retrievals from low-quality inputs and improving temporal smoothness (Liu et al., 2012) . Cloudiness was another potential factor influencing year-to-year variations, especially for tropical evergreen forests which contribute most to global LAI interannual variability (Samanta et al., 2010) . However, such Greening or browning is a basic question of global change research (Myneni, Keeling, et al., 1997; Zhu et al., 2017) , and the four long-term LAI products yielded different answers as different adaptive trend patterns were shown (Figure 3a) . While adaptive trends revealed intrinsic properties of data associated with time scales, piecewise linear trends still provided intuitive quantitative intercomparison (Table 2) . During the pre-MODIS period (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) , all of the four long-term LAI products collectively detected the global greening trend (Figure 1 Assessing environmental controls on vegetation variability is another essential issue in global change research (Jung, Reichstein, Schwalm, Huntingford, & Sitch, 2017; Seddon, Macias-Fauria, Long, Benz, & Willis, 2016) , and the four long-term LAI products yielded considerably different annual anomalies (Figure 3b ). During the pre-MODIS period (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) , the interannual variability values fol- About 76% and 60% of pixels showed mean R 2 <.40, and relatively higher R 2 values were mainly observed in sparsely vegetated regions.
Densely vegetated regions with high interannual variability but low correlation might be a severe problem for application. Recent studies indicated that a variety of remote sensing models could only explain less than 40% interannual variability in gross primary productivity (GPP) (Jiang & Ryu, 2016; Yuan et al., 2014) . We inferred that LAI or equivalent input data, such as fraction of photosynthetically active radiation (FPAR), may limit the capacity of remote sensing models to reliably capture interannual variability in GPP. We further noted that linear trend was highly correlated with interannual variability during the pre-MODIS period (Figure 8b ). This indicated that inconsistency of interannual variability was coupled with that of linear trend, except for boreal evergreen needleleaf forest.
The interinconsistency between LAI products was attributed to different methods of treating the satellite orbit change and sensor degradation issues. During the pre-MODIS period (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) , different AVHRR data sources were used to generate the four LAI products: GLASS used LTDR reflectance data; GLOBMAP used GIMMS NDVI data; LAI3g used GIMMS NDVI3g data; and TCDR LAI used TCDR reflectance data. The major difference between LTDR and TCDR reflectance was that the latter normalized reflectance at nadir view and 45°solar zenith angle (Claverie et al., 2016) , while the former did not apply bidirectional reflectance distribution function (BRDF) correction (Pedelty et al., 2007) . The major difference between GIMMS NDVI and NDVI3g was that the former applied the EMD method to minimize varying solar zenith-angle effects introduced by orbital drift (Tucker et al., 2005) , while the latter placed more emphasis on among-instrument AVHRR calibration (Pinzon & Tucker, 2014) . Marked differences between GIMMS NDVI and NDVI3g were also reported by Guay et al. (2014) . With the fact that GLASS had much larger interannual variability than TCDR, and LAI3g had much larger interannual variability than GLOBMAP, we inferred that the BRDF effect on AVHRR data could cause exaggerated annual oscillation and consequently unrealistically large interannual variability in LAI products. Because there was a clear linear relationship between linear trend values and interannual variability values during this period (Figure 8b ), we hypothesized that the BRDF effect caused by orbit change was also related to the trend inconsistency of the four long-term LAI products. However, further investigation is needed to evaluate this hypothesis. During the overlap period, both GLASS and GLOBMAP used MODIS reflectance data as input and they exhibited opposite linear trends to LAI3g and TCDR. This may be because both GLASS and GLOBMAP used MODIS C5 reflectance, which suffered from sensor degradation problems over the past decade (Wang et al., 2012) . Such negative bias caused by sensor degradation also propagated to the MODIS C5 LAI product (Figure 1 ), which has also been reported in other studies (Yan et al., 2016) . Because sophisticated calibration procedure has been applied on MODIS C6 reflectance (Zhang, Song, Band, Sun, & Li, 2017) , and therefore the MODIS C6 LAI product has already remedied this issue by using corrected reflectance data 
